We evaluated the impact of fire severity and related spatial and vegetative parameters on small mammal populations in 2 yr-to 15 yr-old burns in Yosemite National Park, California, USA. We also developed habitat models that would predict small mammal responses to fires of differing severity. We hypothesized that fire severity would influence the abundances of small mammals through changes in vegetation composition, structure, and spatial habitat complexity. Deer mouse (Peromyscus maniculatus) abundance responded negatively to fire severity, and brush mouse (P. boylii) abundance increased with increasing oak tree (Quercus spp.) cover. Chipmunk (Neotamias spp.) abundance was best predicted through a combination of a negative response to oak tree cover and a positive response to spatial habitat complexity. California ground squirrel (Spermophilus beecheyi) abundance increased with increasing spatial habitat complexity. Our results suggest that fire severity, with subsequent changes in vegetation structure and habitat spatial complexity, can influence small mammal abundance patterns.
introdUction
Fire is an integral process in the structure and maintenance of a variety of ecosystems throughout the world Bailey 1982, Minnich et al. 2000) . Fire regimes are so highly correlated to the habitats they shape that it is difficult to ascertain whether fire regimes drive vegetation patterns or if the vegetation drives fire regime patterns . Attempts to exclude fire from these systems through a century of suppression have been partly unsuccessful. The inevitable lightning strike or careless camper can lead to catastrophic wildfire when the fire occurs in areas of excessively accumulated, spatially continuous fuels. Further, long fire-free periods may be detrimental to the flora and fauna historically resident in these fire driven forests.
Fire severity refers to the magnitude of the effect that a fire has on the environment, and is commonly applied to a number of ecosystem components . Fire, both wild and prescribed, burn heterogeneously across landscapes, leaving behind a matrix of areas burned at various levels of severity, interspersed with unburned patches of various sizes and shapes. Fire suppression efforts began in earnest in the Sierra Nevada, California, in the early 1900s, greatly reducing the spatial extent of fire and, therefore, reducing its effects on the landscape. The continued, widespread efforts of fire suppression ultimately changed the fire regime in the area such that, a century later, fires burn more intensely and create larger patches of high fire severity (Chang 1996, Sugihara and Barbour 2006) .
Fire is part of a complex and dynamic feedback loop that influences the structure and composition of vegetation, which in turn shape faunal composition. The local fauna, in turn, influences habitat structure and composition; small mammals, for example, consume and disperse seeds (Vander Wall 1993 , Vander Wall et al. 2001 and hypogeous fungi (Maser and Maser 1988, Pyare and Longland 2001) . Small mammals also serve an important ecological function as prey for avian, reptilian, and mammalian predators (Zielinski et al. 1983 , Forsman et al. 1984 , Stebbins 2003 . Burned forests have complex habitat heterogeneity because fires seldom burn uniformly over the landscape (van Wagtendonk and FitesKaufman 2006) . Fire removes the thick litter layer and exposes previously buried seeds and sprouting vegetation, thereby creating patches with increased food availability (Shaffer and Laudenslayer 2006) . These burned patches are intermixed with unburned patches with an intact shrub understory that provide cover from predators (Agee 1993) . A matrix of downed coarse woody debris (CWD) is also important to small mammals serving as refugia and travel corridors (Carey and Johnson 1995, Manning and Edge 2004) . Ecological processes, such as fire, are interrelated with all ecosystem inhabitants; a change in one of the processes affects all of the inhabitants.
Understanding how the attributes of a fire regime (e.g., season, spatial complexity, and severity) influence the flora and fauna is important for predicting the effects of regime changes and for planning management actions (Shaffer and Laudenslayer 2006) . Monroe and Converse (2006) found little temporal effect resulting from the season of prescribed fire on deer mice (Peromyscus maniculatus) and chipmunks (Neotamias spp.) in the southern Sierra Nevada, but little information exists on how spatial aspects of fire (e.g., fire severity) affect wildlife.
As part of a study to assess the influence of fire on California spotted owls (Strix occidentalis occidentalis) at a landscape scale, we sampled their mammalian prey at a series of burned sites with known fire histories in Yosemite National Park, California. Our goal in this paper is to identify the impact that fire severity and related spatial and vegetative parameters have on small mammal populations and to develop habitat models to evaluate the effect of fire severity on small mammals. We hypothesized that fire severity would influence the abundances of small mammals via changes in vegetation composition, structure, and spatial complexity. We pursued our analyses on the four most commonly captured small mammals in our study area: deer mice, chipmunks, brush mice (Peromyscus boylii), and California ground squirrels (Spermophilus beecheyi).
Methods

Study Area
Yosemite National Park encompasses over 302 688 ha in the central Sierra Nevada, approximately 224 700 ha of which comprises contiguous lower and upper montane mixedconifer forests. These forests occur between 1000 m and 3450 m elevation on the western slope of the range and support a diverse faunal community (Graber 1996) . White fir (Abies concolor), ponderosa pine (Pinus ponderosa), black oak (Quercus kelloggii), incense-cedar (Calocedrus decurrens), and sugar pine (P. lambertiana) dominate the lower montane forests.
The upper montane forests are dominated by red fir (A. magnifica), white fir, sugar pine, and Jeffrey pine (P. jeffreyi). Forest stands in our study area were dominated by either P. jeffreyi (for higher elevation sites) or P. ponderosa, with a mix of white fir in the overstory and understory.
Prior to European settlement, these forests experienced low-to medium-severity fires every 2 yr to 20 yr (Skinner and Chang 1996) . In 1970, the park developed a prescribed burning program to reduce fuels and lower the risk of stand-replacing fires while conserving the selection pressures that fire historically imposed on these ecosystems (van Wagtendonk et al. 2002) . All fires that have occurred in the park since 1930 have been dated, mapped, and digitized for use with geographic information system (GIS) software. Thode (2005) created a digital map depicting fire severity for fires >40 ha that burned since 1974.
Plot Selection
We restricted our efforts to areas that burned between 1989 and 2004, because this 15-year interval falls within the range of the historic fire return interval (2 yr to 20 yr) for these forest types (Skinner and Chang 1996) . We limited our trapping effort to sites <6 km from a road or trailhead because of the logistical difficulties in carrying traps and other equipment long distances over rugged terrain. Because the objective was to obtain reliable indices of population sizes between burned areas, we emphasized increased spatial coverage at the expense of re-sampling.
We used the ArcMap 9.1 GIS to delineate all fires that burned in the mixed-conifer zone of Yosemite since 1989. We then generated 100 random points across that burned landscape and stratified the points according to logistical constraints of accessibility and crew safety. We selected the first 10 random points that occurred at sites with >40% overstory canopy cover based on the lower limit of spotted owl habitat requirements (Figure 1) . Each of these points served as the origin of a spotted owl sampling area, within which we established trap lines to quantify small mammal assemblage structure and composition.
Habitat Variables
We used satellite imagery compiled by Thode (2005) and Miller and Thode (2007) to determine the effects of fire severity and spatial complexity on small mammal capture rates. These authors used Landsat Thematic Mapper (Landsat TM) imagery to map fires from 1984 through 2005 using the Normalized Burn Ratio (NBR). The NBR uses Landsat TM bands seven (mid-infrared) and four (near infrared), making it particularly sensitive to changes in the amount of live green vegetation, moisture content, and certain soil conditions that may occur after fire (Key 2006, Miller and Thode 2007) . We used the Relative differenced NBR (RdNBR) to account for heterogeneity of prefire vegetation among fires mapped with TM imagery (Thode 2005, Miller and Thode 2007) . RdNBR is a unitless index that is a derivative of NBR that corrects for the pre-fire vegetation and is relative to the vegetation for our particular study area (Miller and Thode 2007) . Thode (2005) determined numerical thresholds to distinguish between portions of a fire that burned at low, moderate, and high severities, as well as areas that were unchanged between pre-fire and post-fire satellite images. Unchanged areas usually reflected low intensity surface fires that burned beneath the overstory canopy and that did not burn or scorch the overstory canopy. She classified areas within the digitized fire history perimeters as unchanged if the severity was so low that she could not detect a change in the images that were one year post-fire, and she extended the perimeters to include areas that showed a change due to fire but were outside of the recorded perimeters. The RdNBR thresholds were: unchanged -less than 42; low -greater than or equal to 42 and less than 220; moderate -greater than or equal to 220 and less than 566; and high -greater than or equal to 566. The RdNBR value is influenced by the substrate, ash cover, and soil moisture at a site, which causes the value to vary after total canopy mortality in the high severity polygons (Kokaly et al. 2007) . Therefore, there is no upper limit to the high severity category in our study. Thode (2005) used these threshold values to create each fire severity patch and assigned the levels with integers: 1, 2, 3, and 4, respectively.
We calculated a total fire severity index (FSI) for each trapping area by multiplying the integer RdNBR levels by the proportion of the area they encompassed and summing the products. Total fire severity index therefore was a continuous variable that ranged from 0, a completely unburned area, to 4, an area completely burned at high severity.
Spatial heterogeneity in the habitat is a consequence of fires as they burn across landscapes, resulting in patches of varied fire severity.
We examined several spatial variables: patch squareness, total patch perimeter, and distance to fire edge. From the center point of each trapping area, we used GIS to determine the distance to the nearest unburned edge. To investigate how fire severity patch size diversity influences small mammal captures, we calculated total patch perimeter and patch squareness for each small mammal trapping area using FRAGSTATS (McGarigal et al. 2002) and GIS. Total patch perimeter is a measure of patch heterogeneity calculated by summing the perimeter of each fire severity patch contained within the boundaries of the trapping area. Because all of the small mammal trapping sites were equal in size, the site with the highest total patch perimeter indicates a site with more patches of differing fire severities, and therefore a site with higher burn heterogeneity. Patch squareness describes patch shape complexity and is an index that ranges from 0 (square, less edge, minimum complexity) to 1 (least squarelike, more edge, high complexity) (Frohn 1998) . Unlike contagion and fractal dimension, total patch perimeter and patch squareness are optimized for use with data arranged in rasters, as with Landsat data (Frohn 1998) .
We hypothesized that of the three fire severity levels (excluding the unchanged areas), the low severity patches would be the most valuable to small mammals, assuming lower fire severity in those patches would have resulted in a forest with higher structural heterogeneity and, therefore, more refugia with adjacent clear areas for easy foraging (Shaffer and Laudenslayer 2006) . Therefore, we calculated patch squareness for only the low severity patches within each of the burned trapping areas.
To match the scale of the fire severity GIS patches (30 m pixels), we measured the other habitat variables using remote sensing methods. To characterize post-fire vegetation, we estimated dominant overstory canopy cover, oak (Quercus spp.) tree cover, and shrub cover at the stand level for each trapping area using data classified from aerial photographs taken in 1997 and from the GIS. The majority of our small mammal trapping areas burned between 1989 and 1996, before the aerial photographs were taken for the park-wide vegetation mapping. In those few instances where the fires burned after the photographs were taken, we verified the vegetation map characteristics using USGS Digital Ortho Quarter Quadrangle (DOQQ) aerial photographs that were taken after the fire. If the characteristics varied between the digital vegetation map and the current DOQQ photographs, we reclassified the vegetation polygons within the mammal trappings using the same methods that the National Park Service (1997) used to create the digital vegetation map. The final digital vegetation map included polygons of dominant overstory and understory vegetation types, with a cover class assigned to each polygon (National Park Service 1997). We superimposed the mammal census areas onto the vegetation map and calculated the area of each vegetation type polygon contained within each trapping area. In our study area, overstory trees consist predominately of conifers, with black oak usually growing in the understory or in canopy gaps. We calculated overstory canopy cover for each mammal trapping area by multiplying the mid-point of each cover class polygon by the proportion of area defined by that polygon within the trapping area. We followed the same procedure for calculating understory and oak tree cover; however, if a cover class was not provided by the map, we used a default cover of 7.5 %, assuming that the cover had to be ≥5 % to 10 % for the photo interpreter to list it as part of the vegetation type for that polygon.
Small Mammal Sampling
We oriented 500 m × 1500 m small mammal trapping areas within spotted owl sampling areas (Figure 2 ). The total trapping area used in the spatial analyses was 64 ha, which included a 50 m buffer on all sides. In each trapping area, we censused terrestrial small mammals using four parallel trap lines established to maximize trap success (Pearson and Ruggiero 2003) . We conducted censuses only once at each site and each census was five We identified all captured animals to species (chipmunks [Neotamias spp.] were identified to genus only) and marked them with uniquely numbered ear tags (National Band and Tag Co. Newport, Kentucky). We recorded gender, reproductive condition, and standard body measurements (weight, length of hind foot, ear, and tail), and released each individual at the point of capture. All procedures were approved by the University of California, Davis, Institutional Animal Care and Use Committee, and met guidelines recommended by the American Society of Mammalogists (Gannon et al. 2007) .
Statistical Analyses
Because we estimated the landscape-level habitat variables at different scales, we applied non-metric multidimensional scaling (NMDS) to assess the orientation of the 10 burned sites in relation to each other in terms of the habitat variables. The NMDS uses the rank order of Sørenson distances (Sørenson 1948, Bray and Curtis 1957) to establish similarities between sites and the environmental variables measured at each site. The sites closest together in NMDS space share the most similarities in the measured environmental variables. The axes of the NMDS ordination represent gradients that are a composite function of the variables. The dissimilarity between the distribution of data points in the original data space and the reduced ordination data space is quantified as "stress," which scales from 0 to 100; values <15 may be interpreted as "quite satisfactory" (McCune and Grace 2002) . We selected the dimensionality of the NMDS ordination using scree plots, which depict how stress decreases with increasing dimensions.
We used Pearson's coefficient of determination to quantify the proportion of variation (fit between the original data space and the distance in the ordination) represented by each composite axis.
To reduce skew, we transformed the data using either arcsinesquare root (proportional data; canopy closure, oak cover, shrub cover, and patch squareness) or natural logarithm (distance variables; distance to fire edge, and total fire severity patch perimeter). We did not transform the fire severity index as it was already normally distributed. To regulate differences in scale, we adjusted all values to the standard deviation of the mean for each variable. We used PC-ORD (MjM software design, http://home. centurytel.net/~mjm/) to perform the NMDS according to guidelines outlined by McCune and Grace (2002) .
Due to the infrequency of recaptures at a few of the trapping areas, we used capture rate (C) as an index for abundance. To standardize across all trapping areas, we calculated capture rates for each trapping area as the number of unique individuals per 1000 trap nights following the equation of Nelson and Clark (1973): where I = number of individuals captured, T = number of traps, and S = number of traps
sprung. We chose to calculate capture rates using Nelson and Clark's (1973) formula in favor of alternative methods (e.g., CAPTURE), because this metric incorporates the number of traps sprung or rendered dysfunctional during a trapping session. An important source of capture variability in our study resulted from traps sprung from known (e.g., predators) and unknown reasons and traps that were dysfunctional for the entire trapping session due to extreme weather (e.g., trap mechanisms frozen).
To limit the number of zeros in the data matrix, we excluded rare species (i.e., <5 individuals captured or <3 sites of capture) from analyses (Legendre and Legendre 1983, Brazner and Beals 1997) ; this left four "common" species (deer mouse, brush mouse, chipmunks, and California ground squirrel) in our dataset. We assessed habitat associations of the four species based on comparisons among sets of linear regression models, in which we selected the regression covariates a priori (see Habitat Models, below). Because individual species are unique in their habitat requirements, we determined the best fit model for each species separately. We compared competing models using Akaike information criteria (Akaike 1973) corrected for low capture rates (AIC c ; Akaike 1973, Hurvich and Tsai 1989) . The information theoretic (AIC) approach allows for quantifiable, simultaneous model comparison and provides insight into which habitat variables were important to each of the common species (Burnham and Anderson 2002) .
Habitat Models
We considered only one-and two-variable regression models on abundance because of the low number of independent sites trapped for small mammals (n = 10) (Burnham and Anderson 2002) . We used SAS 9.13 (SAS 2002 (SAS -2003 to calculate the residual sum of squares for each model and followed the guidelines detailed by Burnham and Anderson (2002) for AIC c calculations.
We developed model sets a priori to reduce the risk of spurious model selections (Anderson et al. 2001) . Because fire severity is a derivative measure of post-fire vegetation structure and composition , we did not include the total fire severity index with any of the vegetation variables in the same model. We used total canopy cover, shrub cover, and oak tree cover as indicators of the various food types (conifer seeds, shrub seeds and fruits, and acorns, respectively) consumed by the four commonly encountered small mammal species.
Variables representing spatial complexity (FSI, fire severity patch squareness [hereafter patch squareness], and fire severity total patch perimeter [hereafter patch perimeter]) are a function of how fire burned across the landscape, and we included them in the models for all four species. The fire severity of an area influences what post-fire forage is available for consumer groups, and we included FSI in some of the models for each species. We included distance to the nearest edge of the burn as a single-variable model for each species, because it is known to influence deer mouse abundance (Schwilk and Keeley 1998) , and we hypothesized it would be important to the other species as well. However, we expected distance to the nearest burned edge to be least important to California ground squirrels, which are the largest of the species and, therefore, presumed to be the most mobile with the largest home range (Kelt and Van Vuren 1999) . Therefore, we only included distance in one model with California ground squirrels to confirm that it had little influence. Acorns are an important food source for deer mice (Jameson 1952, Monroe and , brush mice (Jameson 1952) , chipmunks (Travis 1952 , McShea 2000 , and California ground squirrels (Schitoskey and Woodmansee 1978) . Therefore, we included oak tree cover in the model set for all four species. Deer mice (Jameson 1952) and chipmunks (Travis 1952) both consume conifer seeds in the spring, especially in the absence of acorns. Summers and Proctor (2005) showed that pine seed fall in a dense plantation of Scots pine (Pinus sylvestris) was greater than that in three natural woodlands with sparser tree cover. In the absence of a direct measure of conifer seed availability at our sites, we used canopy cover as a surrogate for this metric. Brush mice consume the fruits of various shrubs (Jameson 1952) , and California ground squirrels eat many grasses and herbaceous species in the absence of shrub cover (Schitoskey and Woodmansee 1978) . We represented shrub production in a trapping area using shrub cover in the model set for these two species.
Researchers have established annual variation in capture rates for many small mammal species (Wolff 1996 , Monroe and Converse 2006 . However, we hypothesized that the various habitat variables would have a more direct effect, and we included year only as a single-variable model for each species. We also minimized annual variation in capture rates by timing the trapping in the spring, before the influx of juveniles into the local populations, and by only conducting analyses on adult individuals. To account for variability due to the trapping period within a year, we included trap week (week one through week five for each year) to represent the week during which the trapping occurred at a site.
The lowest AIC c and the largest Akaike weight (w i ) determined the best model (Burnham and Anderson 2002) . The Akaike weight represents the probability that a particular model provides the best explanation of the data of the tested set of models. The difference in the AIC c of each alternative model with the lowest AIC c (best model) is referred to as ∆AIC c , and can be used to evaluate the level of support for the alternative models.
Models with ∆AIC c <2 have "substantial" support, whereas models with ∆AIC c >10 have essentially no support (Burnham and Anderson 2002) . The evidence ratio is calculated as w 1 ÷ w 2 , where w 1 and w 2 refer to Akaike weights for two models being compared; evidence ratios allow alternative models to be ranked relative to another candidate model. There is a substantial level of support for the model being compared if the evidence ratio is <2.7 (Burnham and Anderson 2002) .
We used SigmaPlot v10.0 (Systat Software, San Jose, California) to display the linear regressions in a heuristic sense and graphically show the effect of these habitat variables on the abundance of each of the commonly captured species. We graphed the predictive response of the alternative model(s) when the evidence ratio showed enough support. For multivariate models (>1 habitat variable in the best model), we graphed the regressions on each habitat variable separately to improve the interpretability of the response.
resUlts
The NMDS ordination for the habitat variables at the 10 burn sites (Figure 3 ) was best represented in two dimensions (stress = 4.0); the proportion of variation represented by axes 1 and 2 was 0.78 and 0.18, respectively. The lack of apparent clumping of trapping sites along either axis indicates that they differed in most of the habitat variables recorded. These axes represent composites of the habitat variables that were influential in explaining the variability in the data, and each axis represents a gradient in these variables. Trapping sites in the bottom left corner of the ordination had higher fire severity, greater distances from unburned edge, less patch complexity (i.e., more patch squareness and low patch perimeter), and low canopy closure (Figure 3) . The FSI varied from 1.41, at a site encompassing mostly areas unchanged by fire with low severity patches scattered throughout, to 3.46, at a site that incorporated all fire severity levels and had large patches of moderate and high severity (Table 1) . We used the FSI as a continuous variable for all parameter and model estimations.
In spring (April to July) 2004 and 2005, we live-trapped at 10 burned sites for a total of 15 299 trap nights. We captured a total of 614 unique individuals, with 245 deer mice, 30 brush mice, 152 chipmunks, and 27 California ground squirrels representing the four most common species ( a Vegetation characteristics ocularly estimated using aerial photographs and stereoscope; canopy cover refers to total cover of all tree species. b Fire severity index = amount of area within the boundary of a fire × that area's estimated fire severity code (Miller and Thode 2007) , where each polygon was assigned one of the following: 1 = unchanged, 2 = low severity, 3 = moderate severity, and 4 = high severity. c Total severity patch perimeter = sum of the perimeter of all of the fire severity polygons within the trapping area. Non-metric multidimensional scaling ordination for the seven habitat variables that were estimated using remote sensing techniques for 10 burned small mammal trapping sites in Yosemite National Park, California. The variables with a coefficient of determination >0.5 are listed on each axis. The point labels correspond to the site numbers in Figure 1 and Table 1. (M. montanus), large-eared woodrat (Neotoma macrotus), western gray squirrel (Sciurus griseus), golden-mantled ground squirrel (S.
lateralis), and Douglas squirrel (Tamiasciurus douglasii).
To summarize the mammal trapping data across the fire severity levels for the four most common species, we categorized mammal trapping sites as low, moderate, or high severity sites based on the FSI calculated for each site ( Table 2) . As all of these sites were burned to some extent in this study, there were no unchanged trapping areas. With the sites categorized into these fire severity levels, the mean capture rates of chipmunks, deer mice, and California ground squirrels all decreased as fire severity at a site increased, and we captured no California ground squirrels in any of the high severity areas.
The model that best represented deer mouse abundance was the fire severity model (abundance = 63.24 -15.8 × FSI + ε i , where ε i is the error term; ΔAIC c = 0, w i = 0.25) ( Table  3 ). The evidence ratio between the two models tied for second best compared to the best model was 1.68, suggesting that these were suitable alternative models for predicting deer mice response to fire. These alternatives included the oak tree model (abundance = 34.3 -3.3 × oak tree cover + ε i ; ΔAIC c = 1.04, w i = 0.15) and the patch perimeter model (abundance = -15.6 + 0.02 × patch perimeter + ε i ; ΔAIC c = 1.04, w i = 0.15).
Brush mouse abundance was best supported using the oak cover model (abundance = -0.71 + 1.57 × oak tree cover + ε i ; ΔAIC c = 0, w i = 0.73) ( Table 4 ). No other model was supported (minimum ΔAIC c = 3.89, w i = 0.10).
The oak cover and patch perimeter combined model (abundance = -4.9 -2.3 × oak tree cover + 0.001 × patch perimeter + ε i ) showed the greatest support for chipmunk abundance (ΔAIC c = 0, w i = 0.42) ( Table 5 ). There was substantial support for the alternative model using just oak cover to predict chipmunk abundance (abundance = -15.9 -2.4 × oak tree cover; ΔAIC c = 0.99, w i = 0.26).
The patch perimeter model (abundance = -23.4 + 0.001 × patch perimeter + ε i ) showed the best support for the abundance of California ground squirrels (ΔAIC c = 0, w i = 0.61) ( Table  6 ). No other model was informative (minimum ΔAIC c = 4.37, w i = 0.07).
Heuristic application of linear regression demonstrated that deer mouse abundance declined with fire severity (Figure 4a ) and oak tree cover (Figure 4b ), but increased with patch perimeter (Figure 4c ). Brush mouse abundance increased with oak tree cover ( Figure 5 ). In contrast, chipmunk abundance decreased with increasing oak tree cover (Figure 6a ) and increased with increasing sum of all of the perimeters of the fire severity patches in the (Nelson and Clark 1973) where I = number individuals captured, T= number of traps multiplied by number of nights traps were open, and S = number of traps sprung by all causes (or frozen open due to extreme weather). b Mean capture rates were calculated for fire severity levels by grouping each site according to its total fire severity index; 1-1.9 = low severity, 2-2.9 = moderate severity, and 3-4 = high severity. trapping area (Figure 6b ). California ground squirrel abundance increased as the sum of the perimeters of all of the fire severity polygons contained within the trapping area increased (Figure 7 ).
discUssion
Fire plays a vital role in shaping the forests of the Sierra Nevada, influencing structure, composition, and spatial characteristics such as patch size and shape, connectivity, and juxtaposition (Cooperrider et al. 2000, Shaffer and Laudenslayer 2006) . Due to these dynamic influences of fire, the forests of Yosemite are a matrix of variable burn severities, including unburned patches within burns. Our NMDS ordination of trapping sites showed little clustering along the first two composite gradient axes, indicating that the sites were dissimilar in habitat structure (Figure 3) . The trapping sites with the lowest fire severity index (FSI) had higher overstory canopy closure and higher spatial complexity, with less patch squareness and higher total patch perimeters (Figure 3) . Overall, the FSI was low to moderate for the trapping areas, with no sites being completely burned at high severity and every site having >1 low severity patch (Table 1) ; thus, these heterogeneous sites represent the result of fires burning within the historic fire regimes in this region (Skinner and Chang 1996) .
Fire severity was the most important habitat characteristic influencing deer mouse abundance (Table 3) ; additionally, fire severity is the principal force affecting the other variables we measured. Deer mice are habitat generalists and appear to distribute themselves according to the pattern imprinted on the landscape by fire severity. Although other studies have demonstrated positive effects of fire on deer mouse population size (Kaufman et al. 1990 , Jones 1992 , Fisher and Wilkinson 2005 , we documented substantial variation in the response of deer mice to burns, and deer mouse abundance decreased with increasing fire severity ( Figure  4a ). We trapped in the spring when deer mice rely heavily on conifer seeds (Jameson 1952) . Conifer mortality increases with fire severity (Schwilk et al. 2006) ; therefore, lower fire severity could result in higher quality foraging habitat for deer mice via increased tree survival and subsequent elevated seed availability throughout the year.
The ΔAIC c (Table 3) shows that oak cover and the sum of the perimeter of all fire severity patches (patch perimeters) were not substantially poorer models for explaining deer mouse abundance. We believe this can be attributed to variability in deer mouse capture data across the trapping areas and the close correlation among these three variables. The alternate models showed deer mouse abundance decreasing with increasing oak tree cover or deer mouse abundance increasing with patch perimeter. This contrasts with our a priori hypotheses that oak tree cover would have a positive influence on deer mice due to the increased availability of acorns, as documented in the eastern USA (Wolff 1996) . However, acorn production in Sierra Nevada forests is highly variable (van Mantgem et al. 2006) , such that either or both years of our study could have been poor acorn years (thereby diluting the influence of this parameter). High oak tree cover may co-opt space from conifer trees and, at our study sites, overstory canopy cover, which is associated Park, California, 2004 and 2005 (n = 10) . Models are listed from best to poorest fit. a Statistics include: number of parameters (K) in the model, Akaike's Information Criterion corrected for small sample size (AIC c ), relative AIC c (∆AIC c ), and Akaike weights (w i ). b Model effects were measured on individual trapping area level and include: total fire severity index (fire severity), sum of the perimeter of all fire severity patches (patch perimeter), patch squareness of fire severity patches (squareness), distance to nearest unburned edge (edge distance), total overstory canopy cover (canopy cover), shrub cover, and oak cover (oak tree cover).
predominantly with the conifers, was lowest at sites with the higher oak tree cover (Table 1) . Because we trapped in spring, however, acorns generally would not be available due to a high number of large animals preferentially ingesting acorns during the previous fall (e.g., bears; Graber and White 1983) and deer mice would be consuming a higher proportion of conifer seeds (Jameson 1952) . The positive influence of patch perimeter on deer mouse abundance suggests that increased habitat complexity provides more diversity in vegetation structure and composition. As the sum of the perimeters of all of the patches caused by various fire severities increases, the number of patches increases, reflecting an increase in habitat heterogeneity and, therefore, an increase in diversity of available forage for generalists such as deer mice. While increased forage diversity does not imply increased forage abundance, areas with higher diversity may provide more stable food availability throughout the year when preferred items are limited.
Total patch perimeter is inherently linked to fire severity because it was variation in fire severity that created the patches, and as fire severity increases to moderate and high severity levels, the patches tend to be larger. Within a fixed area, such as a trapping site, larger patch size is correlated with fewer total patches, such that the sum of patch perimeter and the habitat heterogeneity both are constrained to be lower. The fire severity index alone is a good indicator of deer mouse Model effects were measured on individual trapping area level and include: total fire severity index (fire severity), sum of the perimeter of all fire severity patches (patch perimeter), patch squareness of fire severity patches (squareness), distance to nearest unburned edge (edge distance), total overstory canopy cover (canopy cover), shrub cover, and oak cover (oak tree cover).
abundance when considering an area of fixed size, but the sum of all of the fire severity patch perimeters may be more important when attempting to extrapolate to a landscape scale or across multiple fires. Jameson (1952) found brush mouse abundance to be tightly related to shrub cover. However, our best model for brush mice involved only oak tree cover, and the evidence ratio when compared with the second best model was 6.99, indicating substantially less evidence to support any subordinate models. While acorns are important in brush mouse diets (Jameson 1952) , we have no information on local mast crops for the trapping period (2004 to 2005) . Trapping sites with higher oak tree cover tended to have more open overstory canopy (Table 1) , allowing for more shrub and herbaceous plant growth in the understory. Our method of estimating shrub cover using remote sensing data may have been inadequate due to the difficulty of observing shrubs through the canopy. Therefore, the oak tree cover may be acting as a surrogate for shrub cover by representing an area that is more open in the canopy, allowing shrub growth. The best model for chipmunk abundance included a combination of oak tree cover and the sum of the perimeters of the fire severity patches (patch perimeter) (Table 5) . To visualize the influence of these variables individually we applied heuristic linear regressions separately for each variable and chipmunk abundance ( Figure 6 ). As shown by the model coefficients (Figure 6 ), oak tree cover was approximately two times more important than patch perimeter in influencing chipmunk abundance. Oak tree cover (%) was negatively associated with chipmunk abundance (Figure 6a ), presumably because chipmunks rely heavily on conifer seeds in the spring (Travis 1952 , Vander Wall 1993 . The inclusion of patch perimeter is not only related to increased habitat heterogeneity, but possibly to truffle, hypogeous, and epigeous fungi abundance. Chipmunks in the Sierra Nevada also consume various species of fungi (Meyer et al. 2005) , especially in wet spring conditions, which are correlated with high fungi abundance (Travis 1953) .
Wet spring conditions characterized our sites in both years of trapping. Truffle biomass was significantly lower in oak woodlands when compared to pine, fir, and mixed-conifer forests in the southern Sierra Nevada (North 2002) . Therefore, as oak cover increased, truffle abundance likely decreased. Chipmunk abundance increased with patch perimeter (Figure 6b ) indicating the importance of greater habitat heterogeneity to chipmunks. Habitat heterogeneity leads to more diverse foraging options with various shrubs interspersed with forested areas for chipmunks who also consume a large amount of fruits from various shrub species (Travis 1953) .
California ground squirrels were the largest and most mobile mammal species we studied. The best model for describing California ground squirrel abundance included patch perimeter (Table 6 ). The evidence ratio >8 indicated that the best model is by far the most reasonable model. The diet of California ground squirrels in the central Sierra Nevada is dominated by herbaceous leaves and seeds (Schitoskey and Woodmansee 1978) . Habitat heterogeneity is extremely important to these mobile species. Higher herbaceous plant abundance in open areas provides greater foraging opportunities, and adjacent interspersed areas of thick undergrowth or coarse woody debris provide refuge from predators.
Fire severity may play a different role for each species. Aside from structural diversity, habitat heterogeneity can promote higher plant diversity and offer greater food availability throughout the year, thereby reducing the effect of competition for food. A matrix of diverse fire severity patches and burn history including a few high severity patches produces a heterogeneous landscape.
Restoring the process of fire to fire-adapted systems is an important management and policy issue for many public lands across the United States.
Understanding how fire behavior affects the inhabitants of an ecosystem is imperative for establishing sustainable management plans. Small mammals are critical components to many ecosystems because they disperse seeds and fungal spores and are important prey for other species. Managers need to know how to plan for the conservation of these faunal assemblages. We suggest that managers can influence habitat complexity and quality by creating a mosaic of fire severity. Van Wagtendonk and Lutz (2007) showed that prescribed fires burn at lower severities and smaller spatial extent than contemporary wildfires in Yosemite. We propose that more aggressive and widespread use of prescribed fire can reduce the probability of catastrophic, stand replacing fires in fire-adapted systems while improving and maintaining habitat complexity and quality.
conclUsions
There are many components to fire regimes beyond a simple delineation of a fire perimeter. Fire severity determines not only direct mortality rates to the resident flora and fauna, but also structures the habitat in which they live. Variability in fire severity increases postfire spatial heterogeneity, both structurally and compositionally. Our study showed that small mammal abundance was directly related to fire severity and variables affected by severity such as vegetation canopy cover, distance to unburned edge, and patch size and shape. Each small mammal species responded to different variables that influenced their abundance.
Deer mice decreased with increasing fire severity, although at a landscape scale, the sum of the patch perimeters formed by the variability in fire severity may be more important. The sum of the perimeter of all of the patches formed by varying fire severities was important to deer mice, chipmunks, and California ground squirrels, with the abundance of all three species increasing with total patch perimeter. Brush mice responded positively to increasing oak tree cover. Fire management strategies need to incorporate fire behavior and to predict how severely specific areas will burn. Information on how small mammal species respond to fire regime attributes can be important in the conservation and persistence of that species or other taxa that rely on it (e. g., predators). As catastrophic wildfire is one of the largest threats to the persistence of the California spotted owl, understanding how fire mediates the distribution and abundance of prey species is imperative for owl conservation.
